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This paper presents fusion of inertial navigation system (INS) and global positioning 
system (GPS) for estimating position, velocities, attitude and heading of an unmanned 
aerial vehicle (UAV). A 15 state extended Kalman filter (EKF) and a split architecture 
consisting of 6 state non-linear complementary filter (NCF) and 9 state EKF are 
investigated in detail. In both these fusion architectures GPS and IMU consisting of 3 
axis accelerometers, 3 axis rate gyros and 3 axis magnetometer have been fused in open 
loop fashion (loosely coupled) to estimate the navigation states. These architectures have 
been implemented in MATLAB/SIMULINK environment and evaluated in closed loop 
guidance of MAV with Software-In-Loop-Simulation (SILS) setup. Furthermore, the 15-
state EKF algorithm is validated with flight test data obtained from onboard data logger 
using an off-the shelf autopilot board (Ardupilot Mega APM-2.5) for UAV.  
Nomenclature 
INS  =  Inertial Navigation System 
GPS  =  Global Positioning System 
EKF  =  Extended Kalman Filter 
NCF  =  Nonlinear Complementary Filter 
SILS  =  Software in the Loop Simulations 
MAV  =  Micro Aerial Vehicle 
UAV  =  Unmanned Aerial Vehicle 
MEMS =  Micro Electro Mechanical Systems 
DCM  =  Direction Cosine Matrix 
AWGN =  Additive White Gaussian Noise 
 
I. Introduction 
Micro-sized unmanned aerial vehicles (UAVs) or micro aerial vehicles (MAVs) require a high precision 
autonomous guidance navigation and control to carry out their missions successfully. This paper addresses 
navigation solution with INS/GPS fusion for MAVs. The INS/GPS fusion for flight vehicles is typically carried 
out through non-linear filtering approach which could be extended Kalman filter [EKF], unscented Kalman 
filters or non-linear complementary filters. MAVs make use of micro electro mechanical systems (MEMS) 
based inertial measurement unit (IMU) which comprise of tri-axial magnetometer to sense magnetic heading, 
tri-axial accelerometers to sense specific forces and a piezoelectric tri-axial gyros to sense the angular rates. 
These sensors are inherent to sensor noise, bias, scale factor and misalignment errors. As INS basically 
integrates the IMU data, the solution thus obtained will be drifting with time due to errors in inertial sensors. 
Fusion of IMU data and GPS measurements with the help of nonlinear filtering will improve the attitude and 
navigation solution.  
 
The EKF based INS/GPS fusion approach is very well established for satellite and launch vehicle navigation 
using GPS carrier phase measurements [1]. Mahony.et.al. presented a novel NCF based attitude and heading 
deterministic observer [2], where in the kinematics are posed directly on the special orthogonal 𝑆𝑂(3) group 
driven by reconstructed attitude and angular velocity measurements . Venkatesh.et.al presented a novel 
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INS/GPS fusion architecture [3]. Quaternion representations of the attitude kinematics eliminate the singularity 
issues observed with Euler angle representation [4] [5].  
 
This paper presents INS/GPS fusion for MAV with 15 state EKF and compared the performance with NCF-
EKF split architecture based fusion algorithm. The performance of EKF based fusion approach is evaluated in 
the software in the loop simulation (SILS) setup for Black Kite MAV [14]. A comparative study was made with 
position, velocity, attitude and heading estimates from both the fusion architectures. Furthermore, the 
performance of 15-state EKF was evaluated with the flight test data of Sly-Bird UAV [14]. The flight test data 
was obtained from the autopilot board ARDU PILOT MEGA (APM – 2.5) with the help of onboard MEMS 
sensors and data logger. The position velocity and attitude estimates from the filter were compared with the 
reference DCM estimates from APM-2.5 [12].   
 
This paper is structured as follows; Section II gives process and measurement mathematical models used in 
INS/GPS fusion architectures. Section III presents simulation scenario in the closed loop guidance (SILS) as 
well as the flight test scenario. Section IV presents the various simulation results and observations made. 
Section V presents the concluding remarks. 
 
II. INS/GPS mathematical model formulation 
The paper presents two INS/GPS fusion algorithms i) 15-state EKF ii) NCF-EKF Split architecture (6-state 
NCF + 9-state EKF) [3].  
A. Sensor Model 
 The MEMS sensor suit consists of tri-axial accelerometers, tri-axial gyroscopes, tri-axial magnetometer and 
GPS. 
Rate gyroscope: 
 The rate gyroscope measurements pm (t) , qm (t) , rm (t) are assumed to be modeled as: 
 
 
       
       
       
0 1 2
0 1 2
0 1 2
(t) p
(t)
(t)
p p p
q q q
r r r
m p
m q
m q
p t b b t b t w
q q t b b t b t w
r r t b b t b t w
    
    
    
 
Eq. 1 
 
 
where, p(t), q(t), r(t) are the true values of the angular velocity; b0p (t) , b0q (t) , b0r (t) are the constant null-shift 
bias terms, b1p (t) , b1q (t) , b1r (t) are the rate random walk bias components, b2p (t) , b2q (t) , b2r (t) are the 
correlated (colored noise) bias components and wp, wq, wr denote the error due to sampling noise which are 
typically modeled as zero mean, band-limited, additive, white Gaussian noise (AWGN) processes of specified 
covariances denoted by 2p , 
2
q  , 
2
r  respectively. 
Note-1: The constant bias components, b0p , b0q , b0r , can be estimated off-line and removed from the output of 
the rate gyroscope. Hence, the effects of b0p , b0q , b0r on the output of the rate gyroscope are neglected. 
 
Accelerometer: 
 The acclerometer measurements axm (t) , aym (t) , rzm (t) are assumed to be modeled as: 
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where, bax, bay , baz , are constant bias offsets, ax(t), ay(t), az(t) are the true specific forces and wax, way , waz 
denote the additive sensor noise processes, respectively, for the x, y, z axes and are modeled as zero mean, band-
limited AWGN processes with covariances denoted by 2
xa
 , 2
ya
  , 2
za
  respectively. 
GPS: 
 The GPS measurements are modeled as: 
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Eq. 3 
 
where, v , v , hv , nvv , evv , dvv  denote zero mean, bandlimited, AWGN processes of covariances respectively 
denoted by 2 , 
2
  , 
2
h ,
2
nv
 , 2
ev
  , 2
dv
 . 
Note-2: Thus from the sensor models one can notice that, the time varying bias in rate gyroscopes and constant 
bias in accelerometers have to be estimated online. Therefore these biases are included in the process model of 
the filters used in the state estimation. 
B. 15-state EKF 
Neglecting the effect of Earth’s rotation rate, the INS/GPS model in the local North-East-Down (NED) 
frame1 is [9], [13]: with the notations 
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Eq. 4 
 
where, λ, μ, h denote position (latitude, longitude and altitude), vn, ve, vd denote velocities, ψ, θ, ϕ denote 
heading, pitch & roll, 
ax
bw , ayb
w ,
az
bw  are zero mean, bandlimited, AWGN processes of specified covariances, 
RM , RN respectively denote the Earth’s meridional and normal radius of curvature, R0 ≈ 6378137m, e = 
0.081819190843 denote the Earth’s radius and eccentricity respectively, g denotes the acceleration due to 
                                                        
1 Locally, the North-East-Down frame is assumed to be inertial 
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gravity and  
T
I B
B I   is the rotation matrix that takes a vector from the body frame to the inertial frame. The 
expressions for RM and RN are given as: 
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The EKF measurement model consists of GPS position, velocity and heading derived from a magnetometer and 
can be written as [10]: 
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 m v     
 
where, v , v , hv , nvv , evv , dvv , v  denote zero mean, bandlimited, AWGN processes of covariances 
respectively denoted by 2 , 
2
  , 
2
h ,
2
nv
 , 2
ev
  , 2
dv
 , 2 . 
Note-3: In this paper, the effects due to 2 pb , 2qb , 2rb  are not captured in the model for the EKF, i.e. 2 pb , 2qb , 
2r
b are treated as unmodeled bias components, while the effects due to 1pb , 1qb , 1rb are captured in the EKF 
model as Weiner process2 components with however a different standard deviation for each of these components 
which alters the individual entries in the Q matrix. 
C. Split Architecture (6-state NCF + 9-state EKF) 
 As presented in [3], splitting the state vector in Eq. 4 such that (ψ, θ, ϕ), ( 1pb , 1qb , 1rb ) are estimated via the 
6 state NCF (AHRS formulation) while (λ, μ, h), (vn, ve, vd) and (
xa
b ,
ya
b ,
za
b ) are estimated via 9 state EKF 
[10]. First the Euler angle estimates are obtained via the NCF solution and then fed into the EKF architecture to 
obtain the estimates of position and velocity. The NCF-EKF split architecture is shown in Fig. 1[3] where the 
KF block is the design of an EKF. The attitude kinematics is represented in direction cosine matrix (DCM) way 
and nonlinear complementary filter is directly implemented on SO(3) formed by DCM.  
 
III. Simulation scenario 
D.  Software in the loop Simulation (Black Kite MAV)  
 A 6 DOF model complete with elevator and aileron control surfaces is used for the simulation study. The 
control loops are of proportional-integral-derivative type equipped with saturation and are similar to the control 
design suggested in [11], while velocity control is achieved via the throttle. Fig. 2 shows the software in the loop 
simulation (SILS) setup to evaluate and compare the performance of 15 state EKF and spilt architecture NCF-
EKF in closed loop. 
 
                                                        
2 A Wiener process is obtained by integrating the white noise process 
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Fig. 1 Schematic view of Split architecture 
(NCF_EKF) [3] 
 
 
Fig. 2 Closed Loop simulations of a UAV with sensor 
and wind models 
 
 
For simulation, the noise parameters are given as follows: σp = σq = σr = 0.1 ◦/s, σ1p = σ1q = σ1r = 0.1 ◦/s, σ2p = 
σ2q = σ2r = 0.1◦/s, σax = σay = σaz = 0.1 m/s
2, σψ = 0.5◦. The time constant for the colored noise process is chosen 
as τ = 100 s.  The tri-axial accelerometer is assumed to have a constant bias of bax = bay = baz = 0.1m/s2, while 
the tri-axial rate gyros is assumed to have a constant bias of b0p = b0q = b0r = 0.1◦/s. The GPS noise parameters 
are given as σλ = 6 × 10−4 deg, σμ = 6 × 10−5 deg, which approximately translates to 10 m error in the x and y 
axes, the standard deviation in the z axis is σh = 10 m; the standard deviation in GPS velocities are σxgps = σygps = 
σzgps = 0.1m/s. The update rate of the tri-axial accelerometers, rate gyros and magnetometers is 40 Hz and that of 
the GPS is 5 Hz. Thus the filter prediction, which requires accelerometers and rate gyros takes place at 40 Hz, 
while the measurement corrections with the magnetometer and the GPS occur at 40 and 5 Hz respectively.  
The initial conditions for simulation model and the filter are: 
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The diagonal elements of 15-state EKF tuning parameter elements are: 
 
2
0.0052 410 103 6 3180
2 2 2 2
20 70 5 0.052 8 215 10 100 3 3 3 3180 180 180 180
2 2 27 710 10 0.0052 20.1 10 3 6180 180 180
Q I I Iekf
P I I I I
ekf
R I Ik

   
  
 
       
 
 
                         
 
 
                   





 
Eq. 8 
 
The NCF gains [3] for NCF-EKF split architecture are kP = 1, kI = 0.1.  
 
 
Fig. 3 Level Flight with Circle Maneuver 
 In the SILS environment both 15-state EKF and split architecture (NCF-EKF) are evaluated with the 
maneuver shown in the Fig. 3.  
E. Performance of 15-state EKF with flight test data  
The 15-state EKF was evaluated with the flight test data with the tuning parameters as given in Eq. 8.  
 
The sensor suit in APM-2.5 board is listed below [12]: 
 
Sensor suit on APM-2.5 
1) Inertial Measurement Unit (IMU) 
a) 3-axis rate gyroscope 
b) 3-sxis accelerometers 
Invensense MPU-6050 
2) 3-axis magnetometer HMC5843 sensor 
3) GPS Ublox LEA-6H 
4) Pressure sensor MS 5611 
5) Differential pressure sensor Anlog device with Pitot probe 
Table 1: Various sensors on APM-2.5 
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IV. Simulation Results & Discussion 
F. SILS results with Black Kite MAV 
The performance of the proposed filter architectures are carried out in closed loop simulation environment 
where the system dynamics and the senor dynamics are simulated with 6 DOF model of MAV (Black Kite).  
Simulations were carried out using the tuning parameters specified in the section III. Without changing the 
tuning parameters the robustness of the filter architectures is being studied. Fig. 4 and Fig. 5 show the 
performance of 15-state EKF and Split architecture NCF-EKF respectively. It is observed from Fig. 4(a), (b), 
(d), and Fig. 5(a), (b), (d) that the position, velocity and rate gyro bias state estimates are seen to track the true 
values in both the estimators. The error in attitude and heading estimates from Split architecture is higher than 
the estimates from 15 state EKF, reason being the assumption of negligible linear and lateral acceleration in the 
NCF formulation. And the accelerometer bias estimates in x and y directions using 15-state EKF and NCF-EKF 
split architecture is observed to be not as promising as we notice in the z direction which is seen in Fig. 4(e) and 
5(e). Thus it is seen that the 15-state EKF and split architecture NCF-EKF state estimates are comparable for the 
manuver shown in Fig. 3. Both the filter architectures are further validated for various manuvers and the 
robustness of the algorithms are checked for various wind conditions.  
G. Performance of 15 state EKF with flight test data 
The 15 state EKF is further evaluated with the flight test data obtained from Sly-Bird UAV. APM-2.5 was 
integrated onboard and the logged sensor data for flight duration of 800 seconds was analysed. The EKF was 
implemented in open loop simulation environment and thus obtained estimates are compared against the APM-
2.5 estimator (ARDU-DCM). Fig. 6  show the comparison between the EKF estimates with onboard ARDU-
DCM estimates. It is observed that the EKF estimates are in comparison with the ARDU-DCM estimates. Fig. 
6(d & e) show the estimates of gyro bias and accelerometer bias for flight trajectory with 800 seconds flight 
duration. 
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c.  Attitude and heading estimates 
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Fig. 4 Performance of 15-state EKF with the maneuver shown in Fig. 3 
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Fig. 5 Performance of NCF-EKF Split architecture with the manuver shown in Fig. 3 
 
 
 
ICIUS-2013-228 
0 100 200 300 400 500 600 700 800
13.08
13.082
13.084

 (
d
e
g
)
Position estimates
 
 
Ardu-DCM
EKF
0 100 200 300 400 500 600 700 800
77.755
77.76
77.765

 (
d
e
g
)
0 100 200 300 400 500 600 700 800
850
900
950
1000
h
 (
m
)
Time (seconds)  
a.  Position estimates 
0 100 200 300 400 500 600 700 800
-20
0
20
V
n
Estimates of Velocities in NED
 
 
Ardu-DCM
EKF
0 100 200 300 400 500 600 700 800
-20
0
20
V
e
0 100 200 300 400 500 600 700 800
-10
0
10
V
d
Time (seconds)  
b.  Velocity estimates 
0 100 200 300 400 500 600 700 800
0
200
400

 (
d
e
g
)
EULER ANGLE ESTIMATES
 
 
Ardu-DCM
EKF
0 100 200 300 400 500 600 700 800
-50
0
50

 (
d
e
g
)
 
 
0 100 200 300 400 500 600 700 800
-50
0
50
Time (seconds)
 
(d
e
g
)
 
 
 
c.  Attitude and heading estimates 
0 100 200 300 400 500 600 700 800
-4
-2
0
2
4
Gyro bias estimates
b
p
 (
d
e
g
/s
e
c
)
0 100 200 300 400 500 600 700 800
-4
-2
0
2
4
b
q
 (
d
e
g
/s
e
c
)
0 100 200 300 400 500 600 700 800
-4
-2
0
2
4
b
r 
(d
e
g
/s
e
c
)
Time (seconds)  
d.  Gyro bias estimates 
0 100 200 300 400 500 600 700 800
-4
-2
0
2
4
6
Accelerometer bias estimates
b
a
x
0 100 200 300 400 500 600 700 800
-4
-2
0
2
4
b
a
y
0 100 200 300 400 500 600 700 800
-2
0
2
b
a
z
Time (seconds)  
e.  Accelerometer bias estimates 
Fig. 6 Performance of 15 state EKF with the flight test data 
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V. Conclusion and Future work 
Two INS/GPS fusion architectures namely 15 state EKF and NCF-EKF Split architecture for M/UAVs are 
investigated in SILS environment. It is observed that attitude and heading estimates are more accurate in the 
case of 15 state EKF compared to the NCF-EKF Split architecture, but attitude estimation via NCF in Split 
architecture is computationally less intensive compared to EKF architecture.  It is also observed that the error in 
position, velocity and attitude estimates are well within the acceptable bounds for both the fusion architectures. 
Furthermore, the performance of 15 state EKF is evaluated with the flight test data obtained using Ardu Pilot 
Mega (APM-2.5) onboard Sly-Bird UAV. The position, velocities, attitude and heading estimates are observed 
to be in comparison with the onboard Ardu DCM estimator. Further research is in progress for evaluating both 
the estimators in hardware in the loop simulation (HILS). 
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